Introduction
This paper considers the single commodity allocation problem (SCAP) for disaster recovery, a fundamental problem faced by all populated areas. SCAPs are complex stochastic optimization problems that combine resource allocation, warehouse routing, and parallel fleet routing. Moreover, these problems must be solved under tight runtime constraints to be practical in real-world disaster situations. This paper formalizes the specification of SCAPs and introduces a novel multi-stage hybrid-optimization algorithm that utilizes the strengths of mixed integer programming, constraint programming, and large neighborhood search. The algorithm was validated on hurricane disaster scenarios generated by Los Alamos National Laboratory (LANL) using state-of-the-art disaster simulation tools. This work is deployed as part of the National Infrastructure Simulation and Analysis Center (NISAC) and is being used to aid federal organizations such as the Department of Energy and the Department of Homeland Security in planning and responding to disasters.
Background & Motivation
Every year seasonal hurricanes threaten coastal areas. The severity of hurricane damage varies from year to year, but considerable human and monetary resources are always spent to prepare for and recover from these disasters. At this time, preparation and recovery plans developed by policy makers are often ad hoc and rely on available subject matter expertise. Furthermore, the National Hurricane Center (NHC) in the United States (among others) is highly skilled at generating ensembles of possible hurricane tracks but current preparation methods often ignore this information.
This paper aims at solving this problem more rigorously by combining optimization techniques and disaster-specific information given by NHC predictions. The problem is not only hard from a combinatorial optimization standpoint, but it is also inherently stochastic because the exact outcome of the disaster is unknown. The paper considers the following abstract disaster recovery problem: How to store a single commodity throughout a populated area to minimize its delivery time after a disaster has occurred. It makes the following technical contributions: Previous work has mainly formulated humanitarian logistics problems using MIP models. Many of the humanitarian logistics problems are complex and MIP formulations do not always scale to real world instances [2, 3] . This paper demonstrates how hybrid optimization methods can yield high-quality solutions to real world instances. To the best of our knowledge, SCAPs are the first humanitarian logistic problem to investigate the "last mile" vehicle routing problem and stochastic disaster information simultaneously.
The rest of the paper is organized as follows, section 3 presents a mathematical formulation of the problem and sets up the notations for the rest of paper. Section 4 presents the basic approach and a high level algorithm for SCAPs. Section 5 reports experimental results on some benchmark instances to validate the approach.
The Single Commodity Allocation Problem (SCAP)
In formalizing SCAPs, a populated area is represented as a graph G = V, E where V represents sites requiring the commodity after the disaster (e.g., hospitals, shelters, and public buildings) and vehicle storage depots. The required commodity can be stored at any node of the graph subject to some side constraints. The edges of the graph, E, have weights representing travel times based on the transportation infrastructure. Moreover, the travel times can vary in different disaster scenarios due to road damage. The primary outputs of a SCAP are (1) the amount of commodity to be stored at each node; (2) for each scenario and each vehicle, the best commodity delivery plan. The details of the problem are formalized as follows:
Objectives The objective function minimizes three factors: (1) The amount of unsatisfied demands; (2) the time it takes to meet those demands; (3) the cost of storing the commodity. The relative importance of these factors is typically decided by policy makers on a case-by-case basis. For this reason, this formulation uses weights W 1 , W 2 , and W 3 to balance the objectives and to give control to policy makers.
Side Constraints The first set of side constraints concerns the nodes of the graph which represent the repositories in the populated area. Each repository R i∈1..n has a maximum capacity RC i to store the commodity. It also has a one-time initial cost RI i (the investment cost) and an incremental cost RM i for each unit of commodity to be stored. As policy makers often work within budget constraints, the sum of all costs in the system must be less than a budget B.
The second set of side constraints concerns the deliveries. We are given a fleet of m vehicles V i∈1..m which are homogeneous in terms of their capacity V C. Each vehicle has a unique starting depot D Stochasticity SCAPs are specified by a set of a different disaster scenarios S i∈1..a , each with an associated probability P i . After a disaster, some sites are damaged and each scenario has a set AR i of available sites where the stored commodities remain intact. Moreover, each scenario specifies, for each site R i , the demand C i . Note that a site may have a demand even if a site is not available. Finally, site-to-site travel times T i,1..l,1..l (where l = |V |) are given for each scenario and capture infrastructure damages.
Unique Features SCAPs have features that are not commin in classic warehouse routing problems such as: (1) each site can be a warehouse and/or customer; (2) one warehouse may have to make many trips to a single customer; (3) one customer may be served by many warehouses; (4) the number of available vehicles is fixed; (5) vehicles start and end in different depots; (6) the objective is to minimize the time of the last delivery.
The Basic Approach
This section presents the basic approach to the SCAP problem. Previous work on location routing [4, 1] has shown that reasoning over both the storage problem and the routing problem simultaneously is extremely hard computationally. To address this difficulty, we present a three-stage algorithm that decomposes the The decisions of each stage are independent and can use the optimization technique most appropriate to their nature. The first stage is formulated as a MIP, the second stage is solved optimally using constraint programming, and the third stage uses large neighborhood search. The algorithm for solving a SCAP instance G is presented in Figure 1 .
Benchmarks & Results
The benchmarks were produced by LANL and are based on the infrastructure of the United States. The disaster scenarios were generated by state-of-the-art hurricane simulation tools similar to those used by the NHC. The benchmarks have numbers of repositories ranging from 25 to 100 and vehicle fleets ranging from 4 to 20. All of the experimental results have fixed values of W 1 , W 2 , and W 3 satisfying the field constraint W 1 > W 2 > W 3 and we vary the value of the budget B to evaluate the algorithm. The results are consistent across multiple weight configurations, although there are variations in the problem difficulties. It is also important to emphasize that, on these benchmarks, the number of vehicle deliveries is between 2 and 5 times the number of repositories on average and thus produces routing problems of significant sizes.
The Baseline Algorithm To validate our results, we compare our delivery schedules with those of an agent-based algorithm. The agent-based algorithm uses the storage model but builds a routing solution without any optimization. Each vehicle works independently to deliver as much commodity as possible using a greedy heuristic. The agent-based algorithm roughly approximates current relief delivery procedures and is thus a good baseline for comparison. Table 1 depicts the runtime results. In particular, the table reports, in average, the total time in seconds for all scenarios (T 1 ), the total time when the scenarios are run in parallel (T ∞ ), the time for the storage model (STO), the repository routing (RR), and fleet routing (PFR). The first three fields(T 1 , T ∞ , STO) are averaged over ten identical runs on each of the budget parameters. The last two fields (RR, PFR) are averaged over ten identical runs on each of the budget parameters and each scenario. Since these are averages, the times of the individual components do not sum to the total time. The results show that the approach scales well with the size of the problems and is a practical approach for solving SCAPs. Table 2 depicts the improvement of our SCAP algorithm over the baseline algorithm. Observe the significant and uniform benefits of our approach which systematically delivers about a 50% reduction in delivery time. Table 3 describes the correlations between the distances in the customer allocation and fleet routing models. The results show strong correlations, indicating that the distances in the customer allocation model are a good approximation of the actual distances in the fleet routing model. Figure 2 presents the experimental results on benchmark 5. The graph on the top shows how the satisfied demand increases with the budget while the graph on the bottom shows how the last delivery time changes. Given the weight selection, it is expected that the demand and routing time will increase steadily as the budget increases until the total demand is met. At that point, the demand should stay constant and the routing time should decrease. The results confirm this expectation. The experimental results also indicate the significant benefits pro- vided by our approach compared to the baseline algorithm.
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